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Crown volume is defined as the geometric space occupied by the crown. Crown
volume and the change (growth) of crown volume over time can be an important part of
multi-temporal forest analyses but is expensive and time consuming to obtain through
conventional forest survey methods for large, remote areas. LiDAR-derived crown
volume growth was compared to an expected amount of crown volume growth for 220
Douglas-fir trees in the Panther Creek, Oregon watershed. A paired t-test between
expected crown volume growth and the LiDAR-derived crown volume growth resulted in
a p-value of 0.85. Regression procedures between expected crown volume and LiDARderived crown volume in 2008 and 2012 resulted in R2 values of 0.45 and 0.53,
respectively. LiDAR measured change in crown volume over time was not significantly
different than the expected amount of change. With further research, multi-temporal
LiDAR could become a viable tool for forest analyses.
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CHAPTER I
INTRODUCTION

Forest management decisions are based on detailed and accurate forest analyses.
These descriptive analyses are used to give managers information about current and
potential future stand conditions. Tree growth is an essential part of any forest
management plan and is used to predict future forest conditions. Tree growth can be
defined as an intermittent process characterized by changes in stem form and dimension
over a period of time (Avery and Burkhart 2002). The goal for any forest manager is to
derive methods for obtaining tree or forest attributes (i.e. tree growth) which are
economically viable, while maintaining efficiency, accuracy, and ecological soundness.
The ability to know tree and forest attributes at specific times in the future allows for
better timing of tasks such as a thinning or harvest, but forest attributes are expensive and
cumbersome to obtain over multiple years on large, remote areas. Remote sensing
techniques could be used for these multi-temporal forest analyses, but to be viable they
must be proven economically efficient and meet or exceed the accuracy standards of the
conventional methods for obtaining tree growth.
Before remote sensing, growth measurements had been assessed relatively the
same since the invention of the increment borer in Germany ca. 1855. Increment borers
can be used to extract cores from living or dead trees. The growth rings can be analyzed
to determine the radial growth rates of conifers (Grissino-Mayer 2003). Typically, cores
1

are extracted at diameter at breast height (DBH) for growth ring analysis. The most
accurate method of measuring tree growth is through complete stem analysis. It is
possible to obtain the required measurements by climbing and boring standing trees but
trees are normally destructively sampled by felling and cutting the tree into sections at the
ends of the desired growth periods. The annual rings are then counted back to the desired
year to derive diameter inside bark (dib) at the beginning of the desired growth period.
To obtain complete stem volume growth of the tree, the total starting volume of all the
tree sections are then subtracted from the current volume (Avery and Burkhart 2002).
Although these methods have been proven accurate, it is expensive and cumbersome to
send field personnel to collect data in large, remote areas, increment borers can damage
live trees, and felling trees for complete stem analysis is a destructive method for
collecting tree growth measurements.
Over the years, foresters have become increasingly interested in the use of remote
sensing data such as LiDAR (Light Detection and Ranging) and multispectral imagery.
Remote sensing data have the ability to provide an overview of landscape conditions
compared to the narrow spectrum of information provided by field sample data alone.
Multispectral imagery has been used for decades because of its usefulness at the regional
level and inexpensiveness. LiDAR is receiving more recent research attention for its
ability to provide accurate, detailed structural information (Hummel et al. 2011). LiDAR
data and multispectral imagery have been shown, separately and fused together, to be
accurate for tree/forest measurements such as canopy structure, biophysical properties,
tree height, crown dimensions, stem density, stem volume, biomass, basal area, leaf area,
and growth (Lefsky et al. 1999, Means et al. 1999, Dubayah and Drake 2000, Evans et al.
2

2001, St-Onge and Achaichia 2001, McCombs et al. 2003, Roberts et al. 2003, Zimble et
al. 2003, Parker and Evans 2004, Popescu et al. 2004, Yu et al. 2004, Andersen et al.
2005, Reutebuch et al. 2005, Roberts et al. 2005, Evans et al. 2006, Fujisaki et al. 2008,
Londo 2010, Hummel et al. 2011). Pertaining specifically to tree growth, measuring tree
height growth with LiDAR and multispectral imagery was proven accurate by Yu et al.
(2004) and Andersen et al. (2005). Furthermore, Londo (2010) used LiDAR-derived tree
measurements to provide inputs for a growth-and-yield model (i.e. PTAEDA (Daniels
and Burkhart 1975)) to project future volume estimates.
Although LiDAR and multispectral imagery have been proven accurate for many
aspects of forest and land management, more research needs to be done to develop and
validate accurate techniques to measure tree growth, specifically crown volume growth,
using remotely sensed data. Changes in tree height and crown dimensions (crown
volume) are key components in determining the amount of stem volume growth for a
tree, while also providing information regarding tree competition, productivity, and
health. Remote sensing data such as LiDAR should lead to more accurate and efficient
assessments of tree growth, thereby giving managers the necessary measurements to
make better decisions for forest management.

3

CHAPTER II
LITERATURE REVIEW

Airborne LiDAR is an active sensor that uses laser light to determine the x,y,z
coordinates of locations on the earth’s surface. LiDAR uses four systems: an internal
clock, a differential GPS (Global Positioning System) unit, an IMU (Inertial
Measurement Unit), and a computer to control these systems and store data. The internal
clock measures the roundtrip time it takes for the laser pulse to travel from sensor to earth
and back to the sensor. The differential GPS unit determines the location of the aircraft
relative to the ground and the IMU determines the angle at which the laser leaves the
aircraft due to roll, pitch, and yaw (Baltsavias 1999B, Dubayah and Drake 2000,
Andersen et al. 2005, Reutebuch et al. 2005, Evans et al. 2006, Fujisaki et al. 2008,
Londo 2010). These systems all work together to scan the terrain while emitting laser
pulses, which results in a swath of laser postings or x,y,z coordinate points (Roberts et al.
2005). Detailed information on these systems and formulae and algorithms can be found
in Axelsson (1999), Baltsavias (1999A), and Baltsavias (1999B). The patterns and
densities of LiDAR points are determined by variables such as pulse rate, returns per
pulse, scanning angle, flying height, aircraft speed, topography, and footprint size
(Reutebuch et al. 2005). A footprint can be defined as the area of ground the laser beam
covers and is generally termed a large-footprint (up to 25 m diameter) or small-footprint
4

(less than 1-2 m diameter) (Roberts et al. 2005, Evans et al. 2006). Large and smallfootprint LiDAR systems have both been used in applications of forestry.
Large-footprint systems can be used to obtain canopy structure (i.e. Canopy
Height Model - CHM) and biophysical properties (Lefsky et al. 1999, Means et al. 1999)
but small-footprint systems with a higher posting density have proven accurate and more
suitable for tree and forest measurements such as tree height, crown dimensions, stem
density, stem volume, biomass, basal area, leaf area, and growth (Dubayah and Drake
2000, Evans et al. 2001, St-Onge and Achaichia 2001, McCombs et al. 2003, Roberts et
al. 2003, Zimble et al. 2003, Parker and Evans 2004, Popescu et al. 2004, Yu et al. 2004,
Andersen et al. 2005, Reutebuch et al. 2005, Roberts et al. 2005, Evans et al. 2006,
Fujisaki et al. 2008, Londo 2010, Hummel et al. 2011). Zimble et al. (2003) indicated
that low posting density may influence tree height variances due to the LiDAR returns
missing the tree peaks and intercepting the sides of trees. Consequently, when those
LiDAR returns are processed, they cause underestimation of tree height. The more
conical and narrow in shape of a crown, the less chance the peak of the tree is going to be
intercepted by the laser pulse (Zimble et al. 2003).
A study reported by Andersen et al. (2005), compared measurements on 99 field
plots in second-growth Douglas-fir (Pseudotsuga menziesii (Mirb.) Franco var.
menziesii) with LiDAR-derived predictors that were acquired at a high density with 4
returns per square meter and found strong regression relationships for basal area
(R2=0.91), stem volume (R2=0.92), dominant height (R2=0.96), and biomass (R2=0.91).
St-Onge and Achaichia (2001) found a good degree of correlation between a photo CHM
and a LiDAR CHM and yielded a R2 of 0.90 (significant at α=0.01) between ground5

measured heights and LiDAR-derived heights. LiDAR has also proven to be useful in
distinguishing between vertical structural classes through derived tree heights and can be
characterized as a continuous surface by using the coefficient of variation (CV) of the
LiDAR-derived tree heights (Zimble et al. 2003). Pertaining to stem density (trees per
acre), Parker and Evans (2004) found there was no significant difference (at α=0.05) of
trees per acre between ground and LiDAR estimates. From the same research, they also
found a double-sample “adjusted” LiDAR mean volume regression estimate of 1,297
ft3/ac compared to a ground estimate of 1,272 ft3/ac for conifer species in a central Idaho
research area. Furthermore, LiDAR-derived tree height and crown dimensions have been
proven applicable to estimate tree leaf area. Estimates of individual tree leaf area from
tree height and crown dimensions were found to be as precise as leaf area predicted from
DBH (Roberts et al. 2003, Roberts et al. 2005).
Growth is another tree/forest measurement that can be acquired if multi-temporal
LiDAR datasets are available for the same forest area. The difference between the
measured tree heights in the datasets represents the amount of tree growth in that time
period. Yu et al. (2004) found the precision of estimated growth, based on field checking
or statistical analysis, was 5 cm at stand level and 10-15 cm at plot level. Andersen et al.
(2005) found results that showed small differences in growth between different thinning
treatments even over a relatively short period of time (5 growing seasons). The detected
height growth for each thinning treatment was: heavily-thinned -- 0-2 m growth, mature
un-thinned control unit -- 1-3 m growth, and young (35-yr) stand -- 3-5 m growth. Londo
(2010) conducted regression analyses to show the relationship between projected LiDARderived stem volume estimates and corresponding field-measured projected volume
6

estimates. It was found that LiDAR-derived projections of VIB (stem cubic-foot volume,
inside bark, stump to tip) and VOB (stem cubic-foot volume, outside bark, stump to tip)
overestimated volume and the reported R2 values for both VIB and VOB ranged from
0.375 to 0.725. Londo (2010) also reported the R2 values tended to increase the closer to
the initial starting year of projection.
Individual tree locations must be determined first in LiDAR data before
individual tree attributes can be assessed. Tree locations can be found by the use of a
focal maximum filter that determines if the center pixel in a search window is higher than
surrounding points in a canopy height model, which is then identified as a tree location
(St-Onge and Achaichia 2001, McCombs et al. 2003, Popescu et al. 2004, Zimble et al.
2003, Parker and Evans 2004, Roberts et al. 2005, Londo 2010). Trees that are smaller
than average for a specific stand tend to go undetected by LiDAR. It is important to try
and determine the established tree spacing prior to LiDAR analysis for setting the
appropriate focal filter size (Roberts et al. 2005). Popescu et al. (2004) reported a
circular search window shape yields better fitting models to locate individual trees with
LiDAR because one would expect a circular window shape to be more appropriate for
identifying individual tree crowns.
Canopy height can be defined as the elevation of the canopy (aggregation of trees)
above the ground level and is measured with LiDAR by subtracting the last return
elevations (ground) from the corresponding first return elevations (canopy). Similarly,
tree height can be defined as the elevation of the individual tree apex (topmost point)
above the ground level at the base of the tree and is measured with LiDAR by subtracting
the last return elevation (ground) from the corresponding first return elevation (individual
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tree apex) (Lefsky et al. 1999, Means et al. 1999, Dubayah and Drake 2000, St-Onge and
Achaichia 2001, McCombs et al. 2003, Zimble et al. 2003, Parker and Evans 2004,
Roberts et al. 2005, Fujisaki et al. 2008). This method is considered superior to other
photogrammetric methods due to the fact the ground surface is difficult to see in aerial
photos. The ground and canopy or tree elevations are both needed for accurate
determination of canopy and tree height. The last return elevations in a dataset require
some form of spatial/statistical filtering to identify the lowest points that can then provide
a Digital Terrain Model (DTM) (Axelsson 1999, McCombs et al. 2003, Reutebuch et al.
2003, Zimble et al. 2003, Yu et al. 2004, Andersen et al. 2005, Roberts et al. 2005,
Fujisaki et al. 2008, Londo 2010). An accurate DTM is an essential element in deriving
any forest or tree attribute that requires an accurate estimation of height. When a smallfootprint, high density LiDAR-derived DTM was evaluated over flat, hard, bare surfaces,
it was shown to have accuracies of 15 cm (Pereira and Janssen, 1999), but for forestry
applications, accuracy is required under varying canopy and understory densities.
Conventional ground survey methods, under varying forest canopy covers, were used by
Reutebuch et al. (2003) to develop 347 ground elevation checkpoints to compare with a
LiDAR-derived DTM. They found the mean DTM error to be 0.22 ± 0.24 m (mean ±
SD). DTM elevation errors for four tree canopy cover classes were: clearcut 0.16 ± 0.23
m, heavily thinned 0.18 ± 0.14 m, lightly thinned 0.18 ± 0.18 m, and uncut 0.31 ± 0.29 m.
From these results, it was determined that a LiDAR-derived DTM can be a very useful
tool in forestry applications and the largest contribution of errors is likely caused by
system navigational errors, such as platform location, scan angle, and orientation
recordings.
8

To yield more accurate estimates of forest and tree attributes, small-footprint
LiDAR data have been fused with multispectral imagery (McCombs et al. 2003, Popescu
et al. 2004). Each data source has been separately proven accurate for metrics such as
stand density, tree identification, canopy/tree height, crown metrics, and stem volume but
when combined, the accuracy is almost always increased. A common metric for the
values of both data sources must be created first because it would be incompatible to fuse
unitless digital values from the multispectral imagery with the elevation values in the
LiDAR data (McCombs et al. 2003). This can be done for tree identification by passing a
focal search window over the two data sources. The focal search window is used to
assign the center pixel in each window to a percentile value corresponding to the
proportion of pixels within each window containing values lower than the value of the
center pixel. Multiplying the resulting files will yield a final fused layer that then must
have another focal search window passed across to locate peak values (treetops). In two
different planting densities, McCombs et al. (2003) found that fusing LiDAR with
multispectral imagery increases tree identification over both single-dataset methods.
Percentages of trees correctly identified for each dataset method were reported for high
density spacing (2.4 m) and low density spacing (3.0 m). The percentages of trees
identified correctly for high density spacing were: LiDAR 64.67%, spectral 78.61%, and
fused 83.50% and for low density spacing were: LiDAR 87.27%, spectral 92.37%, and
fused 94.84%. When estimating biomass and volume by fusing small-footprint LiDAR
with multispectral imagery, Popescu et al. (2004) reported R2 values in Virginia of 0.32
(deciduous) and 0.82 (pine) for biomass prediction and 0.39 (deciduous) and 0.83 (pine)
for volume. By combining the 3-dimensional capabilities of LiDAR with the reflectance
9

information provided by multispectral imagery, more accurate estimates of forest
attributes can now be estimated through remote sensing.
In summary, LiDAR and multispectral imagery have proven accurate for many
aspects of forest and land management but more research needs to be done to develop
and validate accurate techniques to measure crown metrics and the change (growth) of
these crown metrics over time using remotely sensed data. In the past, researchers have
had to fell trees for accurate measurements to develop predictive models of crown
metrics such as crown volume (Biging and Wensel 1990). Changes in tree height and
crown metrics (crown volume) are key components in determining the amount of stem
volume growth for a tree, while also providing information regarding tree competition,
productivity, and health. Tree height has been extensively studied but more knowledge is
needed on how well remote sensing data, specifically LiDAR, can be used to obtain
measurements of crown metrics and detect the change of these variables over time.
This study used remotely sensed data to measure tree growth and compared these
results to conventional methods of predicting tree growth to demonstrate the accuracy
and efficiency of using remote sensing data for multi-temporal forest sampling
techniques. More specifically, the objectives of this study were:
1. Determine the height and crown metrics of Douglas-fir (Pseudotsuga
menziesii (Mirb.) Franco var. menziesii) in the Panther Creek, Oregon
watershed using LiDAR.
2. Utilize LiDAR-derived direct measures (height, crown metrics) to
determine tree crown volume and investigate the change in LiDARderived crown volume over the time span of the data.
10

3. Compare LiDAR-derived measurements of crown volume change
(growth) to the expected amount of change over four growing seasons
(2008-2011).

11

CHAPTER III
METHODS

Study Site
The study site consisted of 5,577 acres (2,257 hectares) of the upper portion of
Panther Creek watershed in Yamhill County, Oregon (Figure 1). Douglas-fir
(Pseudotsuga menziesii (Mirb.) Franco var. menziesii), western red cedar (Thuja plicata
Donn ex D. Don), and western hemlock (Tsuga heterophylla (Raf.) Sarg.) are the primary
conifer tree species populating this area, while deciduous trees such as big leaf maple
(Acer macrophyllum Pursh), red alder (Alnus rubra Bong.), quaking aspen (Populus
tremuloides Michx.), and black cottonwood (Populus trichocarpa Torr. & Gray) are
present in the riparian and disturbed areas.

12

Figure 1

Panther Creek Watershed study site (5,577 ac) in Yamhill County, Oregon.

Ground Data Acquisition and Use
The U.S. Forest Service (USFS), Pacific Northwest (PNW) Research Station
subcontracted the acquisition of the field work to obtain data on 78 1/5th acre (0.08 ha)
fixed circular radius conventional field plots (Figure 2). Along with the surveyed
Universal Transverse Mercator (UTM) coordinates of each plot center, the following
13

attributes for each individual tree were recorded: tree number, species, status (live or
dead), DBH, total height, height-to-live-crown, lean percent (>10%), dead top, and UTM
location coordinates. Forty-two of these 78 plots were measured from 7/22/20099/9/2009 and the other 36 were measured from 3/18/2010-5/6/2010. The measurements
provided from these field plots gave ground “truth” values to compare to the 2010
LiDAR-derived measurements. The surveyed UTM coordinates also provided the
required data to match LiDAR-derived tree locations with the field locations.

Figure 2

Field plot locations on the Panther Creek Watershed in Yamhill County,
Oregon.

Due to the high number of trees contained in the field dataset (4,158), a subset of
the field data was randomly selected for more efficient processing of the individual
14

LiDAR-derived tree measurements. The criteria for the subset data was 20 randomly
selected Douglas-fir trees from each 2-inch DBH class ranging from 10 to 30 inches
totaling 220 trees. These criteria also provided trees large enough to locate in the LiDAR
data.
Since field data were only collected in 2010, the field dataset was projected to
2008 and 2012 to coincide with the collected LiDAR. The USFS Forest Vegetation
Simulator (FVS) was used to model the entire 2010 field dataset (4,158 trees), to account
for the influence of competition on tree growth. The field dataset was projected annually
from 2010 to 2015, thus estimating the annual growth rate for each individual tree’s
attributes of interest (DBH, total height, and crown ratio). As a result, the expected tree
attributes were derived for March 2012. To obtain the expected tree attributes in March
2008, the average annual growth rate from 2010 to 2015 for each tree attribute of interest
was calculated and used to project each tree attribute backwards two years from March
2010.
A previously tested model was needed to determine the crown volume for each
individual tree in the 220 tree sample of the field dataset. Biging and Wensel (1990)
define crown volume as the simple geometric space occupied by the crown. Their
research found that total measured cubic foot crown volumes were highly correlated with
DBH, total height (H), and crown ratio (CR). They expressed predicted total cubic foot
crown volume (CV) as a nonlinear function with four coefficients to be estimated by
regression techniques:
(

)
15

(Eq. 1)

Biging and Wensel (1990) used a natural logarithmic transformation so that the
coefficients could be estimated with ordinary least squares and more nearly meet the
assumption of homogeneity of variance. The resulting coefficients for Douglas-fir were:
a = 16.24, b = 0.98, c = 1, and d = 1.46. This model was used to predict the total cubic
foot crown volume for each individual tree in 2008 and 2012. After using this model,
predicted total cubic foot crown volume was converted to predicted total cubic meter
crown volume. The 2008 crown volume was then subtracted from the 2012 crown
volume, thus giving the expected amount of crown volume change (growth) for each
sample tree over the four growing seasons.
Remote Sensing Data Acquisition and Use
Discrete-return LiDAR was flown by Watershed Sciences, Inc. (WSI) in
December 2007, March 2010, and April 2012. These missions provided LiDAR data
from which measurements of tree height and crown metrics were derived to coincide with
the 2008 and 2012 predicted field data and also provided LiDAR data to derive tree
measurements for comparison with the 2010 measured field data. As noted earlier, the
measured field data was collected in March 2010, preceding the 2010 growing season,
and had to be projected forward to March 2012 and backward to March 2008. Although
the LiDAR data collected in December 2007 and April 2012 do not exactly coincide with
the dates of the projected field data, both years of LiDAR and projected field data fall
within the dormant seasons prior to the 2008 and 2012 growing seasons. For clarity, the
LiDAR data collected in December 2007 and its associated LiDAR-derived
measurements that coincide with the projected field data in March 2008 will be referred
to as if collected in 2008. The LiDAR data were collected using a Leica ALS50 (2008)
16

and ALS60 (2010, 2012) sensor mounted in a Cessna Caravan 208B. The LiDAR survey
specifications can be found in Table 1.
Table 1

Discrete-return LiDAR survey specifications for Panther Creek study site in
Yamhill County, Oregon.

LiDAR Survey Specification
Survey Altitude (AGL)
Pulse Rate
Pulse Mode
Returns Collected Per Laser Pulse
Multi-Swath Pulse Density
Intensity Range
GPS PDOP During Acquisition
GPS Satellite Constellation
Maximum GPS Baseline
Mirror Scan Rate
Field of View (Scan Angle)
Roll Compensated
Overlap
Slope Elevation RMSE (1σ)
Horizontal Accuracy (1σ),bare earth, slope < 20°

Accuracy Measure
900 m
>105 kHz
Single
Up to 4
>8 pulses/m2
1-255
< 3.5
>6
13 nautical miles
54 Hz
28° (±14° from nadir)
Up to 20°
100% (50% Side-lap)
at 0° < 15 cm
at 20° < 35 cm
at 50° < 100 cm
30 cm

The individual laser point coordinates were processed by the provider using post
processing software. This provided an output of points into large .las files with each
point having the coinciding scan angle, return number, intensity, and x, y, z information.
The resulting data were classified as ground and non-ground points. The provider then
used software to assess relative accuracy on every flight line and to create ground models
as a triangulated surface and exported as ArcInfo ASCII grids. Statistical absolute
accuracy was assessed by comparing the LiDAR ground classified points to ground
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survey data. The provider reported a RMSE of 0.02 m in 2008, 0.03 m in 2010, and 0.04
m in 2012.
High resolution (30 cm) 4-band (NIR, R, G, B) multispectral imagery was
collected on 3/19/2010 by Woolpert, Inc., who was subcontracted by WSI. The imagery
was orthorectified to a LiDAR-derived canopy surface model (0.3 m DEM). The images
were processed by the provider for spatial registration to the canopy surface. Spatial
accuracy was conducted by comparing the imagery (0.3 m) to the LiDAR-derived
intensity images (0.5 m) for common linear features such as road center lines. This
indicated the spatial accuracy of the imagery was within 40 cm (< 2 pixels).
The individual tree point clouds were analyzed in FUSION (v. 2.90). FUSION is
USFS open source software that allows users to select, display, and analyze subsets of
large LiDAR datasets. For each year of interest (2008, 2010, 2012), the LiDAR .las files,
2010 4-band multispectral imagery, and points of interest representing the locations
(UTM x,y coordinates) of the trees in the field data subset were input into FUSION. The
LiDAR data and multispectral imagery were subset by zooming into a cluster of points of
interest (tree locations) displayed in an interactive viewer. The multispectral imagery
was then combined with a 3-D view of the sample LiDAR point data, which along with
the points of interest, allowed for visual identification of the individual trees in the
LiDAR data. Individual tree measurements were recorded in each year of interest by
using the measurement tool for visual interpretation of the LiDAR point clouds (Figure
3). The individual tree measurements recorded using FUSION were tree location,
elevation at base of tree, total height, height to live crown, and maximum and minimum
crown diameter.
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Figure 3

LiDAR-derived individual tree represented in FUSION.

Once the individual tree point clouds were analyzed in FUSION, the portion of
the point clouds representing the tree crowns in 2008 and 2012 were extracted using
ArcGIS (v. 10) applications. After obtaining the point file information, such as average
point spacing, for the LiDAR .las files in both years, the files were imported to create a
multipoint feature class of the LiDAR data. The individual tree measurements recorded
in FUSION were input into the Table to Ellipse tool creating ellipses that represented the
extent of each individual tree crown. After these ellipses were converted to polygons,
they were used to extract the LiDAR points that corresponded with each individual tree.
The x,y,z coordinates of the LiDAR points for each individual tree were then exported to
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simple text (*.txt) files. A subset of each individual tree .txt file was created containing
only LiDAR point coordinates that represented the tree crown by removing LiDAR
points that had an elevation (z) value less than the LiDAR-derived elevation at the base
of the tree crown.
Crown Volume Modeling
The point clouds for individual tree crowns from the 2008 and 2012 LiDAR data
were exported to MATLAB (R2012a) to model each tree crown. MATLAB allowed
each individual tree crown to be analyzed for calculation of total cubic meter crown
volume in 2008 and 2012. Dr. Alexis Londo and Mr. Derek Irby (Geosystems Research
Institute) provided a MATLAB script that retrieved each individual LiDAR tree crown
point file and triangulated the exterior points into a wireframe convex hull representing
each tree crown. The script also wrote the following information to a new file: the
number of points in the file, the number of points inside the convex hull, the number of
exterior points used in the convex hull surface, and the total cubic meter volume
calculation for each LiDAR-derived tree crown. For visual comparison between the
LiDAR-derived crown volumes and predicted field crown volumes, Mr. Irby and Dr.
Londo used the crown cross sectional area, cumulative geometric crown volume, and
total geometric crown volume (Eq. 1) equations derived by Biging and Wensel (1990) to
develop another script that provided the estimated parabolic crown shape for an
individual sample tree crown overlaid with the LiDAR-derived convex hull surface for
the same sample tree crown. Once the crown volume for each individual sample tree was
determined, the LiDAR-derived crown volume in 2008 was subtracted from the LiDARderived crown volume in 2012 representing the amount of LiDAR-derived crown volume
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change (growth) over the four growing seasons of interest (2008-2011) for each sample
tree.
Statistical Analysis
Multiple statistical analyses were conducted using SAS (v9.3) for each year of
LiDAR-derived measurements (2008, 2010, 2012). Since 2010 was the only year that
total height and height to live crown were measured in the field, statistical analyses were
conducted to compare field measured total height (ftht) and LiDAR-derived total height
(ltht) and compare field measured height to live crown (fhlc) and LiDAR-derived height
to live crown (lhlc). A paired t-test was used to test for significant differences between
the field and LiDAR total height and height to live crown measurements. Linear
regression was used to determine the relationship between the field and LiDAR
measurements of total height and height to live crown with the LiDAR-derived
measurements representing the independent variables and the field measurements
representing the dependent variables. The linear regression equations for total height and
height to live crown were expressed as:
(

)

(Eq. 2)

(

)

(Eq. 3)

A paired t-test was conducted between predicted field crown volumes and
LiDAR-derived crown volumes in 2008 and 2012, since crown volumes were not derived
from the LiDAR in 2010, to test for a significant difference between the samples. Linear
regression was also conducted for the 2008 and 2012 crown volume datasets to determine
the relationship between the predicted field crown volumes and LiDAR-derived crown
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volumes. The linear regression procedure, as well as the paired t-test, was conducted for
the entire 220 sample tree dataset and each individual 2-inch DBH class. With the
LiDAR-derived crown volume (ldrcv) representing the independent variable and the
predicted field crown volume (fvscv) representing the dependent variable, the linear
regression equation was expressed as:
(

)

(Eq. 4)

Lastly, LiDAR-derived crown volume change (growth) was compared to the
predicted or expected amount of crown volume change over four growing seasons (20082011). A paired t-test was used to test for a significant difference between the two
samples of crown volume change. The paired t-test was conducted for the entire 220
sample tree dataset as well as each individual 2-inch DBH class. This was done to
determine if the size of the tree had any influence on how well LiDAR detected the
change in crown volume. For all the paired t-test analyses in this study, a non-significant
difference result, meaning the average field and LiDAR-derived variable of interest are
statistically the same, is an important and favorable finding.
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CHAPTER IV
RESULTS

2010 Measurement Comparisons
Being able to explain the relationship between field measured and LiDAR-derived
measurements of total height and height to live crown is vital for better understanding the
derivation of crown volume from LiDAR data. The paired t-tests showed that the mean
differences between field and LiDAR-derived measurements of total height and height to
live crown were both significantly different than zero at a 0.05 (alpha) level of
significance. The mean differences for total height and height to live crown were 0.41
and 0.89 meters and the p-values were 0.0001 and 0.0009, respectively. The mean
differences and p-values, along with other descriptive statistics, are given in Table 2.
Table 2

Paired t-test results for 2010 field and LiDAR-derived measurements of
total height (tht) and height to live crown (hlc) in meters on the Panther
Creek Watershed in Yamhill County, Oregon.

Variable N Mean Std Dev Std Err Minimum Maximum DF t Value Pr > |t|
220 0.4121 1.3049 0.088 -3.9
3.8249
219 4.68
0.0001
tht
220 0.8898 3.9232 0.2645 -17.88
12.6
219 3.36
0.0009
hlc
The paired t-tests showing a significant difference between field and LiDARderived measurements of total height and height to live crown was not unexpected. For
total height, reports of these same findings have occurred in previous LiDAR literature
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(e.g. McCombs et al. 2003, Zimble et al. 2003, Parker and Evans 2004, Yu et al. 2004).
Therefore, linear regression procedures were conducted to describe the relationships and
trends between field and LiDAR-derived measurements of total height (Figure 4) and
height to live crown (Figure 5) in this dataset. The coefficient of determination (R2)
values were 0.98 for total height and 0.79 for height to live crown with linear regression
equations expressed as:
(
(
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)
)

(Eq. 5)
(Eq. 6)

Figure 4

Linear regression fit plot for 2010 field measured total height (ftht) and
LiDAR-derived total height (ltht) in meters on the Panther Creek
Watershed in Yamhill County, Oregon (Eq. 5).
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Figure 5

Linear regression fit plot for 2010 field measured height to live crown
(fhlc) and LiDAR-derived height to live crown (lhlc) in meters on the
Panther Creek Watershed in Yamhill County, Oregon (Eq. 6).

Comparisons of 2008 Measurements
The paired t-test comparing the mean of 220 predicted field crown volumes and
LiDAR-derived crown volumes in 2008 showed a significant difference at a 0.05 (alpha)
level of significance with a p-value of 0.0039 and a mean difference of -45.7 cubic
meters. The paired t-test results for the entire 220 sample tree dataset and each individual
2-inch DBH class can be found in Table 3, while the distribution of difference between
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the predicted field crown volumes and LiDAR-derived crown volumes is shown in Figure
6.
Table 3

Paired t-test results for 2008 predicted field crown volumes (fvscv) and
LiDAR-derived crown volumes (ldrcv) in cubic meters on the Panther Creek
Watershed in Yamhill County, Oregon.

DBH Class
10
12
14
16
18
20
22
24
26
28
30
Total

N
20
20
20
20
20
20
20
20
20
20
20
220

Mean
51.391
64.702
39.806
18.8405
46.0125
-50.156
-35.511
-38.291
-201.6
-225.9
-172.2
-45.721

Std Dev
31.9199
57.6564
50.0536
112.9
91.6352
127
205.4
322.4
368.8
254.7
332.9
232.4

Std Err
7.1375
12.8924
11.1923
25.2343
20.4903
28.409
45.9295
72.0816
82.46
56.948
74.4318
15.6664
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Min
-17.59
-18.55
-25.53
-258
-67.7
-368.7
-406.3
-700.2
-954
-783.4
-867.1
-954

Max
100.6
210
158.4
217.8
335.6
105.1
282.7
676.5
512.5
249.7
520.7
676.5

DF
19
19
19
19
19
19
19
19
19
19
19
219

t Value
7.20
5.02
3.56
0.75
2.25
-1.77
-0.77
-0.53
-2.45
-3.97
-2.31
-2.92

Pr > |t|
0.0001
0.0001
0.0021
0.4645
0.0368
0.0935
0.4489
0.6014
0.0244
0.0008
0.032
0.0039

Figure 6

Distribution of difference between 2008 predicted field crown volumes
(fvscv) and LiDAR-derived crown volumes (ldrcv) in cubic meters on the
Panther Creek Watershed in Yamhill County, Oregon.

The linear regression procedure for all 220 sample trees in 2008, with predicted
field crown volume (fvscv) as the dependent variable and LiDAR-derived crown volume
(ldrcv) as the independent variable (Eq. 4), resulted in a R2 value of 0.45 (Figure 7) with
a linear regression equation expressed as:
(
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)

(Eq. 7)

Figure 7

Linear regression fit plot for 2008 predicted field crown volumes (fvscv)
and LiDAR-derived crown volumes (ldrcv) in cubic meters on the Panther
Creek Watershed in Yamhill County, Oregon (Eq. 7).

The R2 values and resulting linear regression equations for crown volume predictions on
each 2-inch DBH class, along with the entire 220 tree sample, can be found in Table 4.
The 10-inch DBH class had the best fit with a R2 value of 0.40, while the 24-inch DBH
class had the worst fit with a R2 value of 0.001.
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Table 4

Linear regression results for 2008 predicted field crown volumes (fvscv) and
LiDAR-derived crown volumes (ldrcv) in cubic meters on the Panther Creek
Watershed in Yamhill County, Oregon.

DBH Class
10
12
14
16
18
20
22
24
26
28
30
Total

N
20
20
20
20
20
20
20
20
20
20
20
220

Regression Equation
fvscv = 76.88 + 0.61(ldrcv)
fvscv = 96.25 + 0.61(ldrcv)
fvscv = 94.42 + 0.53(ldrcv)
fvscv = 150.71 + 0.30(ldrcv)
fvscv = 129.58 + 0.53(ldrcv)
fvscv = 175.56 + 0.22(ldrcv)
fvscv = 349.90 + -0.04(ldrcv)
fvscv = 468.35 + 0.03(ldrcv)
fvscv = 313.30 + 0.18(ldrcv)
fvscv = 412.97 + -0.05(ldrcv)
fvscv = 326.35 + 0.30(ldrcv)
fvscv = 158.94 + 0.40(ldrcv)

R-Square

0.40
0.20
0.20
0.23
0.30
0.16
0.003
0.001
0.17
0.007
0.29
0.45

Comparisons of 2012 Measurements
The paired t-test comparing the mean of 220 predicted field crown volumes and
LiDAR-derived crown volumes in 2012 found there to be a significant difference at a
0.05 (alpha) level of significance with a p-value of 0.0014 and a mean difference of -47.7
cubic meters. The paired t-test results for the entire 220 sample tree dataset and each
individual 2-inch DBH class can be found in Table 5, while the distribution of difference
between the predicted field crown volumes and LiDAR-derived crown volumes is shown
in Figure 8.
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Table 5

Paired t-test results for 2012 predicted field crown volumes (fvscv) and
LiDAR-derived crown volumes (ldrcv) in cubic meters on the Panther Creek
Watershed in Yamhill County, Oregon.

DBH Class
10
12
14
16
18
20
22
24
26
28
30
Total

N
20
20
20
20
20
20
20
20
20
20
20
220

Mean
62.129
67.5655
28.1575
0.308
13.5935
-6.182
-101.7
-66.65
-155.2
-161.3
-205.9
-47.738

Std Dev
33.2868
61.6709
74.174
107.9
89.5388
96.5627
213.3
276.7
336.4
186.7
385
219.3

Std Err
7.4431
13.79
16.586
24.124
20.022
21.592
47.699
61.861
75.215
41.745
86.083
14.782
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Min
22.18
-44.13
-179.6
-277.2
-190
-262.3
-477.5
-461.6
-776.4
-487.8
-1316.4
-1316.4

Max
130.7
221.9
129.8
180.4
211.3
151.9
247.4
635.9
578.7
234.1
504.2
635.9

DF
19
19
19
19
19
19
19
19
19
19
19
219

t Value
8.35
4.9
1.7
0.01
0.68
-0.29
-2.13
-1.08
-2.06
-3.86
-2.39
-3.23

Pr > |t|
0.0001
0.0001
0.1059
0.99
0.5054
0.7777
0.0463
0.2948
0.0531
0.001
0.0273
0.0014

Figure 8

Distribution of difference between 2012 predicted field crown volumes
(fvscv) and LiDAR-derived crown volumes (ldrcv) in cubic meters on the
Panther Creek Watershed in Yamhill County, Oregon.

The linear regression procedure for all 220 sample trees in 2012, with predicted
field crown volume (fvscv) as the dependent variable and LiDAR-derived crown volume
(ldrcv) as the independent variable (Eq. 4), resulted in a R2 value of 0.53 (Figure 9) with
a linear regression equation expressed as:
(
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)

(Eq. 8)

Figure 9

Linear regression fit plot for 2012 predicted field crown volumes (fvscv)
and LiDAR-derived crown volumes (ldrcv) in cubic meters on the Panther
Creek Watershed in Yamhill County, Oregon (Eq. 8).

The R2 values and resulting linear regression equations for crown volume predictions on
each 2-inch DBH class, along with the entire 220 tree sample, can be found in Table 6.
The 20-inch DBH class had the best fit with a R2 value of 0.46, while the 24-inch DBH
class had the worst fit with a R2 value of 0.07. The 24-inch DBH class also had the worst
fit in 2008 (Table 4).
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Table 6

Linear regression results for 2012 predicted field crown volumes (fvscv) and
LiDAR-derived crown volumes (ldrcv) in cubic meters on the Panther Creek
Watershed in Yamhill County, Oregon.

DBH Class
10
12
14
16
18
20
22
24
26
28
30
Total

N
20
20
20
20
20
20
20
20
20
20
20
220

Regression Equation
fvscv = 77.81 + 0.77(ldrcv)
fvscv = 97.58 + 0.66(ldrcv)
fvscv = 123.21 + 0.31(ldrcv)
fvscv = 135.91 + 0.39(ldrcv)
fvscv = 116.19 + 0.54(ldrcv)
fvscv = 150.90 + 0.39(ldrcv)
fvscv = 244.36 + 0.24(ldrcv)
fvscv = 370.21 + 0.23(ldrcv)
fvscv = 324.60 + 0.19(ldrcv)
fvscv = 279.67 + 0.21(ldrcv)
fvscv = 362.12 + 0.25(ldrcv)
fvscv = 152.82 + 0.44(ldrcv)

R-Square

0.37
0.22
0.30
0.44
0.41
0.46
0.29
0.07
0.15
0.08
0.26
0.53

Crown Volume Growth
The paired t-test comparing predicted field crown volume growth (fvs) and
LiDAR-derived crown volume growth (ldr) over four growing seasons (2008-2011) did
not show a significant difference at a 0.05 (alpha) level of significance for the entire 220
sample tree dataset. This test on the 220 sample tree dataset resulted in a p-value of 0.85
with a mean difference of -2.02 cubic meters. The paired t-tests comparing predicted
crown volume growth and LiDAR-derived crown volume growth in each 2-inch DBH
class, ranging from 10 to 30, showed the derivations of crown volume to be significantly
different at a 0.05 (alpha) level of significance in only the 18 and 20 inch DBH classes
with p-values of 0.035 in both cases. These results, along with the rest of the paired ttests results, can be found in Table 7, while the distribution of difference between the
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derivations of predicted field crown volume growth and LiDAR-derived crown volume
growth is shown in Figure 10.
Table 7

Paired t-test results for predicted field crown volume growth (fvs) and
LiDAR-derived crown volume growth (ldr) in cubic meters over four
growing seasons (2008-2011) on the Panther Creek Watershed in Yamhill
County, Oregon.

DBH Class
10
12
14
16
18
20
22
24
26
28
30
Total

N
20
20
20
20
20
20
20
20
20
20
20
220

Mean
10.7375
2.8605
-11.649
-18.531
-32.416
43.9745
-66.172
-28.358
46.492
64.5715
-33.691
-2.0163

Std Dev
29.0075
36.1178
61.3219
76.6955
63.6407
86.3923
204.3
254.2
181
194.7
267.7
158.3

Std Err
6.4863
8.0762
13.712
17.1496
14.2305
19.3179
45.687
56.8336
40.4733
43.5364
59.8523
10.6758
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Min
-23.61
-50.68
-181.7
-152.6
-135.4
-84.6
-560.8
-766
-391.8
-353.4
-874.4
-874.4

Max
90.16
87.93
110.1
194.4
100.4
225.3
318.2
524.9
316
383.5
407.5
524.9

DF
19
19
19
19
19
19
19
19
19
19
19
219

t Value Pr > |t|
1.66
0.1143
0.35
0.727
-0.85 0.4062
-1.08 0.2934
-2.28 0.0345
2.28
0.0346
-1.45 0.1638
-0.50 0.6235
1.15
0.2649
1.48
0.1544
-0.56 0.5801
-0.19 0.8504

Figure 10

Distribution of difference between predicted field crown volume growth
(fvs) and LiDAR-derived crown volume growth (ldr) in cubic meters over
four growing seasons (2008-2011) on the Panther Creek Watershed in
Yamhill County, Oregon.
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CHAPTER V
DISCUSSION

2010 Comparisons
The measurements of total height and height to live crown are two critical
measures needed to derive crown volume. They are used together to determine the
proportion of a tree that is occupied by the live crown (crown ratio). The results for this
study revealed that the LiDAR-derived measurements of total height were slightly
underestimated compared to the 2010 field measurements. This can be concluded due to
the slope coefficient (b1) being nearly 1.0 (0.97), which essentially allows the y-intercept
coefficient (b0) of 1.68 to be interpreted as a bias term (Eq. 5). Similar results were found
for height to live crown with a slope coefficient (b1) again near 1.0 (1.07) but a yintercept coefficient (b0) of -0.60 (Eq. 6), which indicated that the LiDAR-derived
measurements of height to live crown were slightly overestimated compared to the 2010
field measurements. For total height, these findings are similar to previous reports
(McCombs et al. 2003, Zimble et al. 2003, Parker and Evans 2004, Yu et al. 2004), where
they found that the more conical and narrow a tree crown, such as Douglas-fir, the less
chance the peak of the crown will be intercepted by the laser pulses, resulting in an
underestimation of total height. The overestimation of height to live crown could have
many different sources of error causing variation between the LiDAR and field
measurements. Determining the point at which to take a measurement of height to live
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crown is inherently more difficult than total height in both LiDAR data and the field due
to uncertainty of where the base of the crown occurs. This uncertainty introduces error in
the measurement of height to live crown, which leads to increased variation when height
to live crown is measured by differing sources, such as LiDAR and field (Table 2).
Furthermore, many of the sample trees were located in plots that had a high density of
trees. This made it more difficult to decipher one tree crown base from an adjacent tree
crown base in the LiDAR. The high density of trees in some areas may have also
prevented the LiDAR laser pulses from adequately penetrating the canopy and
intercepting the point at which the bottom of the tree crown actually occurred and
therefore, prevented obtaining a sufficient amount of returns to effectively visualize the
true base of the live crown. Although both total height and height to live crown were
found to be significantly different when measured in the LiDAR and field, they were also
found to have strong linear relationships between the LiDAR and field measurements
with R2 values of 0.98 for total height and 0.79 for height to live crown. The linear
regression equations (Eq. 5 and 6) reported in the results provide the necessary
information for potential adjustment of LiDAR-derived measurements of total height and
height to live crown, which may consequently improve the accuracy of LiDAR-derived
crown volumes.
2008 and 2012 Comparisons
The paired t-tests comparing predicted field crown volume and LiDAR-derived
crown volume indicated similar results in 2008 and 2012 (Table 3 and 5). In both years,
the complete 220 sample tree dataset had significant differences between predicted mean
field crown volume and mean LiDAR-derived crown volume with similar mean
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differences of -45.7 cubic meters in 2008 and -47.7 cubic meters in 2012. When
analyzed by each 2-inch DBH class, the 10-18 inch DBH classes for both years had
positive mean differences and the 20-30 inch classes had negative mean differences
between predicted field crown volume and LiDAR-derived crown volume. However, the
differences between predicted field crown volume and LiDAR-derived crown volume
were not found to be significant for every 2-inch DBH class. So although not definitive,
the results indicate that LiDAR, in general, underestimated crown volume in smaller trees
and overestimated crown volume in larger trees, when compared to the predicted field
crown volume (Figure 11).
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Figure 11

Visual comparison between LiDAR-derived crown volume (yellow
wireframes) and predicted field crown volume (green paraboloids) in a
“small” and “large” tree.

As with the paired t-tests, the linear regression models predicting field crown
volume based on LiDAR-derived crown volume were found to have similar results for
2008 and 2012. With R2 values of 0.45 in 2008 and 0.53 in 2012 for the complete 220
sample tree datasets, much of the variation between predicted field crown volume and
LiDAR-derived crown volume remained unexplained in both years. Weaker linear
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relationships, or none at all in some cases, were found between predicted field crown
volume and LiDAR-derived crown volume when analyzed by each 2-inch DBH class.
Similar findings in both years were indicated in the resulting estimations of the
coefficients in the linear regression models with b0 and b1, or y-intercept and slope, being
158.94 and 0.40 in 2008 and 152.82 and 0.44 in 2012. These results similarities seem to
validate the appropriateness of the methodology used to project the field tree attributes to
coincide with the LiDAR data in 2008 and 2012, while also validating the methodology
used to determine predicted field crown volume and LiDAR-derived crown volume in
both years.
It is difficult to definitively determine the source of error and variation in the
results due to the many potentially contributing factors in the methods, LiDAR and field,
of deriving crown volume. The potential sources of error and variation for the LiDARderived crown volumes are similar to those already discussed for the LiDAR-derived
measurements of total height and height to live crown in 2010. Underestimation of total
height and overestimation of height to live crown in the LiDAR likely contributed to
differences between the predicted field crown volumes and LiDAR-derived crown
volumes. Again, many of the sample trees were located in plots with high densities of
trees, which possibly prevented, especially in smaller trees, the LiDAR laser pulses from
reaching all portions of the tree crown and recording a sufficient number of returns to
adequately describe the tree crown. This made it increasingly more difficult to manually
determine which LiDAR points belonged to the tree crown of interest and which LiDAR
points belonged to adjacent tree crowns. Due to this uncertainty, inherent error and
variation were introduced into the LiDAR measurements of height to live crown and
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crown diameter (minimum, maximum) causing further error and variation in the LiDARderived crown volumes.
There are also potential sources of error and variation that can be attributed to the
methods of deriving crown volume from the predicted field data. As discussed earlier,
even though the initial field data measurements in 2010 are considered to be the ground
“truth” values, in reality, some of the field measurements, such as height to live crown,
have innate amounts of introduced error and variation. Any error and variation in the
2010 field measurements was potentially multiplied when the field data were projected
forward to 2012 and backward to 2008. Furthermore, even if there was no error
associated with a set of field measurements in 2010, there is still potential error
introduced to the data when projected using FVS. Another conceivable source of error
and variation is the Biging and Wensel (1990) equation used to predict total cubic foot
crown volume (Eq. 1). Their equation to predict total cubic foot crown volume for
Douglas-fir was developed using collected data from 115 trees in Northern California,
while the LiDAR-derived crown volumes in this study were obtained through LiDAR
data collected in Yamhill County, Oregon. Although these two areas are relatively near
to one another, a difference in site conditions could have produced an increased amount
of variation between the predicted field crown volumes and LiDAR-derived crown
volumes. In addition, the predicted total cubic foot crown volume equation (Eq. 1), along
with the cumulative geometric crown volume and crown cross sectional area equations,
developed by Biging and Wensel (1990) mathematically define a tree crown as a
parabolic geometric shape when displayed graphically. This simple geometric shape may
not be the optimal model to describe the true shape of a Douglas-fir tree crown. High
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density LiDAR data, such as used in this study, are able to delineate the shape of a tree
crown with considerably more detail (i.e. individual branches; Figure 3) than that
provided by a simple geometric shape (Figure 11).
Crown Volume Growth
The aptitude of using LiDAR techniques to detect the growth (change) of crown
volume over time was the concluding objective tested in this study. When compared to
the predicted field crown volume growth over four growing seasons (2008-2011), the
entire 220 LiDAR-derived crown volume growth dataset was not significantly different.
Furthermore, when predicted field and LiDAR-derived crown volume growth were
compared in each 2-inch DBH class, the only classes found to be significantly different
were the 18 and 20 inch classes. This could be potentially attributed to these mid-range
size trees having higher variation in their rates of crown growth. As shown in Figure 12,
the LiDAR-derived crown volume growth showed that smaller trees seemed to allocate
vertical crown growth at a higher rate than horizontal crown growth, while larger,
dominant trees tended to show more growth in the width of their crown and less in the
height. Yu et al. (2004) found similar results of smaller trees having a higher rate of
vertical growth than larger trees.
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Figure 12

Representation of LiDAR-derived crown volume growth in “small” (top)
and “large” (bottom) trees.

Green = 2008 LiDAR-derived crown volume
Yellow = 2012 LiDAR-derived crown volume
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CHAPTER VI
CONCLUSIONS

A combination of techniques was used in this study to investigate using LiDAR to
derive individual tree measurements of crown volume and the change of crown volume
over time. In general, the LiDAR techniques in this study underestimated crown volume
in the smaller trees and overestimated crown volume in the larger trees when compared to
the predicted field crown volume provided by FVS and Equation 1. The cumulative
prediction of LiDAR-derived crown volume growth was not significantly different than
the field crown volume growth prediction. So overall, the LiDAR techniques in this
study did well in predicting crown volume growth across all size classes but there is
variability due to tree size. Other potential sources of variability, such as land ownership,
management type, or site characteristics, were not examined in this study but could have
potentially revealed improved or additional findings pertaining to crown volume growth
and the capability of using LiDAR data for detecting changes in tree crowns.
These findings provide ample information for the basis of further research
pertaining to the ability of LiDAR techniques to accurately describe crown attributes and
the changes in these attributes over time. Further enhancements for deriving tree crown
volume and crown volume growth with LiDAR data could potentially be found with a
few modifications to this study. Individual trees were located in the LiDAR data
manually in this study. An automated approach of locating individual trees in the LiDAR
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data may produce a more accurate representation of the tree crown; therefore, improving
accuracy in the calculation of LiDAR-derived crown volume. Since there was only one
set of collected field data for this study in 2010, FVS had to be used to project the
individual tree attributes of interest to coincide with the collected LiDAR data in 2008
and 2012. Measured field data that coincided with the collected LiDAR data would
potentially improve analysis results. As discussed earlier, the parabolic representation of
a tree crown developed by Biging and Wensel (1990) may not be the optimal model to
describe a Douglas-fir tree crown. When compared to a simple geometric shape, high
density LiDAR data provides much more detailed information about the variation found
in the true shape of a tree crown (Figure 3 and 11). With these modifications and further
research, LiDAR has the potential for becoming a valuable tool used to provide detailed
information about individual tree crowns and changes in individual tree crowns over
time. Such detailed information on individual tree crowns could provide easily
accessible data for multi-temporal analyses of tree growth, competition, productivity, or
health, thus giving land managers the ability to better plan current and future
management activities.
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